Abstract: This article presents a controller design for administration of Remifentanyl to control spontaneous breathing. Using established physiological models a reduced order model is derived and used for control design. Controllers were evaluated in-silico and finally in first in-vivo trials.
Introduction
Spontaneous breathing is a key element in modern long term ventilator therapy. It has a proven positive effect on treatment outcome, reduces possibility of lung atelectasis and muscular atrophy and supports weaning from ventilation. In clinical routine ventilated patients are typically anaesthesized by a combination of a hypnotic and an opioid drug. Both lead to a depression of the spontaneous ventilation. If one wants to maintain spontaneous breathing during anaesthesia, a fine balance of drug dosage has to be found, which has to be adapted to increasing dose tolerance and changes in patient status and ventilatory drive. In order to support clinical staff in maintaining optimal therapy and safe adherence to dosage limits, closed loop control of dosage application may be helpful. Especially, when spontaneous breathing is controlled within complex and automated treatment procedures (e.g. automated ARDS-Net) or in combination with extracorporeal lung support.
Methods
Model of the control plant: A lot of authors have developed models of the respiratory system in the past decades. Starting from first models in the 40s, most modern approaches base on the model introduced by Grodins [1] . The model used in our work is based on Ursinos extension of Grodins model [2] , but we adapted some parameters to optimize model fit to our data. The second important model part relates to the pharmacological model, which covers pharmacokinetics [3] and pharmacodynamics [4] . The overall model structure can be seen in figure 1 . In general, this complex and interconnected model results in a model order of 15th grade with several nonlinearites, which is not suited for most algorithms for designing controllers. Thus we performed a model reduction procedure. Most dynamical processes can be described by a lower order system sufficiently. Choosing a Hammerstein structure, we concentrated the nonlinear behaviour in one static nonlinearity. The static nonlinearity was determined by calculating the static operating points in the range of typical input values. The final model order of 2nd order resulted from evaluating "Akaike's final prediction error" while determining the model parameters from a system identification with an APRBS signal. Figure 2 shows a typical comparison of the full model with the reduced model. The basic process characteristic is covered well, but differences mainly coming from the simplification of the nonlinearities can be seen. On the other hand we expect these differences to be small compared to inter-individual variations of parameters in the real application. Controller Design: Two different control structures were implemented. At first we started designing a conventional PID controller and subsequently designed a model based predictive controller (MPC). The MPC is expected to have benefits when applied to slow processes with large time lag. Both controllers were designed first compensating the static nonlinearity with an inverse characteristic. Thus design methods for linear processes could be applied for the controller design. PID parameters were numerically optimized regarding control settling time, overshoot and disturbance rejection in the presence of significantly noisy measurements. In the end this resulted in a relatively small D component, leaving a quasi PI controller. The model predictive controller (MPC) consists of an algorithm wich calculates an optimal input trajectory based on the system states in each sample step. System states were calculated using a Kalman filter. The control structure implemented followed the methodology described in [6] . Again, the choice of control design parameters was optimized following the same criteria as in the PID case.
Results
We used the complex simulation model for controller evaluation. Both controller showed a similar performance.
T set e max IAE T set,dist PID 15.33 sec 1.03% 649.93 9.83 sec MPC 14.67 sec 4.42% 476. 5 14 sec
A second criteria of control performance is robustness against changes in process parameters. Figure 3 shows an exemplary step response to changes in reference value and disturbance at a 50% changed drug sensitivity. The designed controllers were evaluated in a first animal trial. Figure 4 shows a typical resulting control performance of the MPC. On the one hand, one can see, that spontaneous breathing can be adjusted according to the setpoint. On the other hand, the significant time variance of the process can be observed. In the beginning, the dose of Remifentanyl is sufficent to maintain sedation. At the end of the experiment, the very same dose of Remifentanyl leads to an unsufficient sedation indicated by the exponential rise in minute ventilation and muscle activity, so the control had to be stopped and a bolus of propofol was administered. This indicates that special safety procedures for dosage at the set point boundaries have to be implemented in order to react fast to such unexpected events. 
Discussion
We could show, that an algorithm for control of spontaneous breathing can be derived from the models presented in the literature. However control performance in animal experiments was only partly convincing. The PID controler did not perform well, as system changes and disturbances were too significant for the controller to reach a stationary control target. A lot of the problems result from the pigs, which we used as an animal model. During the trials we found, that regulation of spontaneous breathing is much more delicate compared to human subjects, especially the respective influence of Remifentanyl and Propofol. Future work will concentrate on a multivariable control approach, where Propofol is included in the controller as well.
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